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Abstract
Recovering a volumetric model of a person, car, or other object of interest from a single snapshot would be useful for many
computer graphics applications. 3D model estimation in general is hard, and currently requires active sensors, multiple
views, or integration over time. For a known object class, however, 3D shape can be successfully inferred from a single
snapshot. We present a method for generating a “virtual visual hull”– an estimate of the 3D shape of an object from a known
class, given a single silhouette observed from an unknown viewpoint. For a given class, a large database of multi-view
silhouette examples from calibrated, though possibly varied, camera rigs are collected. To infer a novel single view input
silhouette’s virtual visual hull, we search for 3D shapes in the database which are most consistent with the observed contour.
The input is matched to component single views of the multi-view training examples. A set of viewpoint-aligned virtual views
are generated from the visual hulls corresponding to these examples. The 3D shape estimate for the input is then found by
interpolating between the contours of these aligned views. When the underlying shape is ambiguous given a single view
silhouette, we produce multiple visual hull hypotheses; if a sequence of input images is available, a dynamic programming
approach is applied to find the maximum likelihood path through the feasible hypotheses over time. We show results of our
algorithm on real and synthetic images of people.
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Figure 1: The goal of this work: given only a monocular silhouette of an object from a known class, estimate its 3D shape.
1 Introduction
Estimating the 3D shape of an object is an important computer graphics problem, but current techniques are still expensive
or restrictive. Active sensing techniques can build accurate models quickly, but require scanning a physical object. Structure
from motion or from multiple views is non-invasive, but requires a set of comprehensive views of an object. Often designers
would like to populate 3D worlds with objects for which a set of simultaneous views is not available, e.g., to recover a shape
based on a single archival photograph. Current techniques cannot construct a 3D model with just a single view.
In contrast, human observers can easily infer an approximate 3D model from even a single silhouette, especially if they know
the class of objects to which the silhouette belongs (e.g., people, cars, books, etc). Clearly, knowledge of a particular object
class can be exploited to perform shape inference. In this paper we show how shape inference can proceed from a single
silhouette of a known object class. This is achieved by an example-based algorithm that retrieves those 3D shape examples
in a large database which contain 2D views similar to the given input silhouette, and interpolates between these examples to
obtain a shape estimate most consistent with that silhouette.
A silhouette-based approach to shape modeling – visual hull construction – approximates the 3D surface of an object by
intersecting the viewing cones formed by the rays passing through the optical centers of calibrated (or weakly calibrated)
cameras and their corresponding image silhouettes. Typically a relatively small number of input views (4-8) is sufficient to
produce a compelling 3D model. Our method estimates the “virtual visual hull” for an object of a known class given only a
single silhouette observed from an unknown viewpoint, with the object at an unknown orientation (and unknown articulated
pose, in the case of non-rigid objects). We presume silhouettes have either been extracted manually or obtained by common
background removal techniques.
We construct a model of the 3D shape of an object class using a database of many multi-view silhouette examples. The camera
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parameters corresponding to each multi-view training instance are known, but they are possibly different across instances.
To infer a single novel silhouette’s visual hull, we first search the database for examples in which one of the views is similar
to the input, where similarity between silhouette contours is measured with the Hausdorff distance. An efficient parallel
implementation allows us to search over 140,000 examples in modest time. Having retrieved such examples, we align and
interpolate the corresponding visual hulls so as to optimize the correspondence between a projection of the resulting shape
and the input.
To enable shape refinement within a local neighborhood of database examples, we introduce a new virtual view paradigm for
interpolating between neighboring visual hull examples. Examples are re-rendered using a canonical set of virtual cameras;
intermediate 3D shapes are then linear combinations in this multi-view contour space. This technique allows combinations
of visual hulls for which the source cameras vary in number and calibration parameters.
The information about the shape contained in a single silhouette is, of course, ambiguous; to provide all possibilities to a user
or designer would be overwhelming. To deal with this ambiguity in a single frame we develop a method for clustering the
possible 3D interpretations, so that a relatively small number of candidate interpretations can be presented to the user. We
also develop a dynamic programming method for the case when sequential data is available, so that some of the ambiguities
inherent in silhouettes may be eliminated by incorporating information revealed by how the object (or camera) moves.
Our approach enables 3D surface approximation for a given object class with only a single silhouette view and requires no
knowledge about either the object’s orientation (or articulation), or the camera position. Our method can use sequential data
to resolve ambiguities, or alternatively it can simply return a set of confidence-rated VH hypotheses for a single frame. We
base our shape model on the concise 3D descriptions that visual hulls provide: we can match the multi-view model in one
viewpoint and then generate on demand the necessary virtual silhouette views from the training example’s visual hull. Our
method’s ability to use multi-view examples from different camera rigs allows training data to be collected in a variety of real
and synthetic environments. With our method approximate 3D models can be quickly obtained from silhouettes extracted
from a single snapshot. This capability has a variety of applications – an animator can render a character from an arbitrary
viewpoint based on a single simple sketch, or populate interactive 3D environments with avatars or other objects.
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2 Related Work
Visual hull algorithms have the advantage that they can be very fast to compute and re-render, and they are also much less
expensive in terms of storage requirements than volumetric approaches such as space carving or voxel coloring [16, 23].
The input representation required by visual hull construction algorithms - 2D silhouettes - are generally easy to obtain with
a background subtraction module. The output polyhedral surfaces are directly appropriate for rendering, or rendering can
be done directly from source images [20]. Since the visual hull is by definition an upper bound on the true object shape,
it is a useful representation for applications in interactive graphics or manipulative robotics such as obstacle avoidance and
visibility analysis.
Algorithms for computing the visual hull of an object have been developed based on the explicit geometric intersection of
generalized cones [17]. Recent advances in visual hull construction techniques have included ways to reduce their compu-
tational complexity [20, 19, 18, 6, 2], or to allow for weakly calibrated cameras [18]. In [12] it is shown how to incorporate
priors that reconcile errors in the initial silhouette segmentation with the known object shape. A method combining visual
hulls and stereo is given in [5, 4] for the purpose of refining an object’s visual hull by aligning its hulls from multiple frames
over time. We rely on the efficient construction algorithm of [19] to calculate polygonal mesh visual hulls.
In the absence of calibrated cameras, Structure-From-Motion (SFM) techniques may be used with a sequence of data to
estimate both the observed object’s shape as well as the motion of the camera observing it. Most such algorithms rely on
establishing point or line correspondences between images and frames, yet smooth surfaces without a prominent texture
and wide-baseline cameras make correspondences difficult and unreliable to determine. Moreover, in the case of SFS, the
occluding contours of the object are the only feature available to register the images. Current techniques for 3D reconstruction
from silhouettes with an uncalibrated camera are constrained to the cases where the camera motion is of a known type
(e.g., [26, 7, 24]).
When sequences of images are available, an alternative to geometry- or point correspondence- based approaches like SFM
is to utilize knowledge about the dynamics, or motion behavior, of the object moving in the video. For instance, when
the object class is people, knowledge about the types of motions the person is likely to perform may be exploited in order
to infer the person’s pose or shape. In the work of [3], a hidden Markov model is used to model the dynamics and 3D
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pose configurations of a human figure in order to infer pose from a sequence of silhouettes by solving for the optimal path
through the model via entropy minimization. Our method for integrating temporal information is related to this approach.
Our handling of sequential data uses dynamic programming to find the maximum likelihood path through a sequence of
hypothesis virtual visual hulls, where the probability of choosing a certain hypothesis is measured by both the smoothness
in the shape transitions over time, as well as the similarity between the observed silhouette and the projected views of the
hypothesis virtual visual hull. Our temporal integration step differs from that of [3], however, in that it does not rely on
a strong model of dynamic behavior (learned from mocap data), it processes different features (contours instead of central
moments), and our method seeks to estimate a 3D surface that fits the actual measurements of our input instead of rendering
a “tinman” based on configural pose estimates.
A popular way to represent the variable shape of an object has been to employ a parametric distribution that captures the
variation in the object shape. Such a model is often used for tracking, pose inference, or recognition. The use of linear
manifolds estimated by PCA to represent an object class’s shape, for instance, has been developed by several authors [15,
8, 1]. An implicitly 3D probabilistic shape model was introduced in [12], where a multi-view contour-based model using
probabilistic PCA was given for the purpose of visual hull regularization [12]. A method for estimating unknown 3D structure
parameters with this model was later given in [13]. However while [12, 13] require input views to be taken from cameras at
the same relative angles as the training set, our method requires a single view with no calibration information at all.
Example-based and non-parametric density models of object shape have also been explored previously. In such models the
object class is represented by a set of prototypical examples (or kernel functions centered on those examples), using either
raw images or features extracted from them. For instance, the authors of [25] use 2D exemplars to track people and mouths
in video sequences, a template hierarchy is developed for faster detection of pedestrian-shaped contours in [11], and in [21] a
database of single view images with annotated body pose parameters is searched for a match to a test body shape based on its
edges. In [22], a special mapping is learned from multi-view silhouettes to body pose. We employ a class-specific database
comprised of many examples of multi-view silhouettes taken from different calibrated camera rigs.
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Figure 2: Examples in the model are composed of some number of silhouette views, plus their camera calibration parameters.
3 Searching the Shape-Silhouette Database
The shape-silhouette database is the key data structure in our approach. A multi-view example X (i) in the database consists
of mi silhouettes {I(i)j , . . . ,I(i)mi} and the associated camera calibration parameters p
(i)
j ∈ R4, such that I(i)j is obtained as the
projection of the shape S(i) on p(i)j :
I(i)j = Proj
(
S(i),p(i)j
)
.
(See Figure 2.) The exact shape that produced the example in general cannot be reconstructed faithfully, but an approximation
of S(i) can be obtained from the mi silhouettes by constructing the visual hull (VH). In this work we use the algorithm that
computes a polyhedral mesh approximation of the VH [19]; in the remainder of the paper we refer to this approximation as
the shape S(i).
Note that we do not require that the camera parameters and even the number of cameras be identical across the database.
This creates a flexible paradigm of data generation: various camera rigs, at different locations, on different days, etc. may be
employed to generate the examples. Moreover, this paradigm allows for generating additional silhouettes for S (i) by rendering
its projection for a desired virtual viewpoint, thus increasing m i as desired.
The first step of our approach consists of finding in the database shapes that match the input silhouette I. We define the
distance between I and a multi-view example X(i) as the minimal distance between I and any view of X (i). In principle,
computing this requires a search over all possible silhouettes of S (i):
D
(
I,X(i)
)
= min
p
DS
(
I,Proj
(
S(i),p
))
, (1)
where DS(·, ·) is the distance function defined over the space of 2D silhouettes. The choice of D S and of the representation of
I will affect the semantics of our approach. We represent a silhouette as a set of points sampled uniformly from its contour,
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and use the Hausdorff distance, which for two sets of points A = {a 1, . . . ,an} and B = {b1, . . . ,bm} is defined as:
||A−B||H = max(max
a∈A
D(a,B),max
b∈B
D(b,A)), (2)
where D(p,Q) is the shortest Euclidean distance from point p to any point in set Q. The Hausdorff distance has been proven
to be an effective shape matching measure for such tasks as object recognition [14].
Generating the infinite set of all views of S(i) is impossible, of course. Therefore, we rewrite Eq. (1) as
D
(
I,X(i)
)
= min
j
DS
(
I,I(i)j )
)
, (3)
that is, the distance is determined by the best matching database view of X (i). One objection to this approach is that we may
miss an example that is very close to the input, because its silhouettes in the database happen not to include the “right” one.
However, this is not an impediment to our approach: we need to find some similar examples, not necessarily all of them and
not necessarily the best ones.
A crucial parameter of the search algorithm is the similarity criterion which dictates when two silhouettes are considered
sufficiently similar. We use K-nearest neighbors to retrieve a fixed number of top matches from the database. For the rare
cases where the K neighbors contain an example whose 3D shape is much different than the others, our clustering mechanism
(described in Section 4.2) will effectively handle the outliers.
To summarize: for the purpose of the similarity search, we treat the database as a collection of individual silhouettes. Given a
silhouette, we find the K silhouettes I(i1)j1
, . . . ,I(iK )jK
in the model database with the smallest Hausdorff distance from the input.
The visual hulls corresponding to these silhouettes, S (i1), . . . ,S(iK), are then the best matching shapes. In the following section
we describe a means of combining or interpolating between these best shape matches to improve the shape estimate.
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4 Shape Interpolation
4.1 View alignment
A key problem is how to combine multiple 3D shape examples to form a single shape estimate; naive interpolation of
unaligned triangle meshes will not yield meaningful shapes. Instead, we propose a method to interpolate between visual
hulls using weighted combinations of multi-view contours rendered from a set of canonical viewpoints, as described in this
section.
In order to allow for meaningful interpolation, the shapes must be represented in the same canonical coordinate system
with respect to object’s inherent coordinate frame. Recall that each example X (ik), k = 1, . . . ,K is selected due to the high
similarity of a particular view I(ik)jk
to the input I. Under the hypothesis that they come from the same shape, the matching
views are likely to correspond to the same viewpoint in terms of the intrinsic coordinate frame of the object, even if the
extrinsic coordinates of these viewpoints may differ. Thus the first canonical viewpoint P (ik)1 of an example X
(ik) is the
database viewpoint P(ik)jk
.
The m-th canonical viewpoint of X(ik) can now be obtained by applying a fixed affine transformation Tm (same for all k) to
P(ik)1 . While this transformation will have a different interpretation in the extrinsic coordinates system of each example, in all
the examples it will result in the same viewpoint in the object coordinate system. For every P (ik)l we render the corresponding
canonical silhouette
C(ik)l = Proj
(
S(ik),P(ik)l
)
.
To clarify with an example: suppose two multi-view neighbors for a novel input contain four and three views with camera
parameters {P11, . . . ,P14} and {P21, . . . ,P23}, respectively (see Figure 3). Suppose the third view in the first example and the
second view in the second example matched the input. The first canonical views for the two examples are thus these matching
silhouettes. Then the second canonical view for the first example is taken from the projection of its visual hull onto the image
plane corresponding to the virtual camera found by rotating P 13 by θ degrees about the visual hull’s vertical axis. Similarly,
the second canonical view for the second example is taken from a camera placed θ degrees from P 22. Subsequent canonical
virtual views for each example are taken at equal intervals relative to these initial virtual cameras. After taking a weighted
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(a) Input and actual camera views of neighbors; match-
ing views are outlined
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(b) Camera rigs of neighbors (c) Virtual views generated from
neighbors’ VHs
Figure 3: An example of rendering canonical views from the K-nearest neighbors of the input. Views that matched the input
are marked with dotted boxes (a), and their corresponding cameras in the two examples’ rigs are also shown with dotted lines
(b). See text for details.
combination of the contours from these aligned-viewpoint virtual views, we will construct the output visual hull using the
camera parameters of the nearest neighbor’s similar view and its virtual cameras; since it was the best match for the input in
a single view, it is believed to contain a viewpoint relative to the object that is most like the true unknown input camera’s, up
to a scale factor.
4.2 Clustering the neighbors
The 3D shape of a single view silhouette is inherently ambiguous: self-occlusions make it impossible to determine the full
shape from a single frame, and the global orientation of the object may be uncertain if there is symmetry in the shape (e.g., a
silhouette frontal view of a person standing with their legs side by side will be very similar to the view from behind). Thus
we can expect the visual hulls corresponding to the “neighbor” single view silhouettes to manifest these different possible
3D interpretations. To combine widely varying contours from the neighbors’ very different 3D shapes would produce a
meaningless result (see Figure 4).
Instead, we provide multiple hypotheses for a single input silhouette corresponding to the multiple possible 3D interpretations
for the 2D shape. The nearest neighbors’ aligned (canonical viewpoint) multi-view virtual silhouettes are clustered into
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(a) In-
put
(b) Similar component views from nearest neighbors
(c) Hypothesis 1 (d) Hypothesis 2
Figure 4: An example where the input shape (a) has multiple interpretations. Its six nearest neighbors (b) contain views from
examples originating from two general types of shapes: one front-facing body with the right elbow extended more, the other
back-facing with the left elbow extended more. Aligned-viewpoint virtual views are projected from each of the six neighbors’
visual hulls, and our algorithm finds two separate shape hypotheses (c,d) based on how these multi-view images cluster. Each
hypothesis is shown from a frontal view and right side view here. The mean multi-view shape for each hypothesis’s virtual
views are shown in the middle row with black backgrounds.
enough groups such that the distance between two multi-view examples in one cluster is less than a threshold. In order to
perform the clustering, a set of multi-view silhouettes is encoded as a vector by simply translating the centroid of each of
its silhouette views to a equally spaced origins in image coordinates, and forming a vector by concatenating the columns of
each view image. In this way, a single vector contains multiple silhouette views, and each view within it is represented as
spatially aligned with the other examples’ silhouettes from the same canonical viewpoint. Each cluster of examples yields
one hypothesis visual hull. The confidence for a given hypothesis is inversely proportional to the mean Hausdorff distance
between the matching views from the examples that belong to the given cluster and the input silhouette.
For the single frame case, the hypotheses are returned to a user or designer, together with their confidences. When multiple,
sequential frames are the input, then the hypotheses from each time step together undergo an additional processing stage,
whereby the most likely hypothesis at each frame is selected for the output (see Section 5).
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4.3 Shape estimation by interpolation
After the canonical contours are produced and clustered as described above, they are normalized in location (translated) and
length (resampled), in order to align the contour points in the same view. For each cluster, we obtain the contours (Y 1, . . . ,Yv)
that will form a hypothesis virtual visual hull by taking a linear combination of the aligned contours belonging to that cluster:
Yl =
n
∑
j=1
wj pts(C
(i j)
l ), (4)
where there are n members in the particular cluster, v total canonical viewpoints, and pts(·) refers to the process of resampling
and translating the contour points along a silhouette boundary. The weight w j assigned to the jth multi-view contour in a
given cluster is inversely proportional to the initial Hausdorff distance that was computed between the input silhouette and
the example’s matching view, and weights for a particular cluster are normalized so that they sum to one.
Since the vectors of contour points have been resampled to a common input length, the set of contour points produced in Y l
will not necessarily form a connected closed contour. Thus in order to produce the closed contour output required to form a
silhouette, we fit a spline to the image points of Y l , and then perform a flood fill from the centroid. Note that this shape is,
generally, no longer in the database, and may provide a better match for the input than any single training shape.
5 Integrating over time
When a sequence of monocular silhouettes is available, we apply a dynamic programming approach to find the maximum
likelihood path through the feasible visual hulls at each time step, given our observations over time and the probabilities of
transitioning from one shape to another. We construct a directed graph where each node is a time-indexed visual hull hypoth-
esis (see Figure 5). Each directed path through the graph represents a legal sequence of states. Probabilities are assigned to
each node and arc; node probabilities Ptn are conditional likelihoods and arc probabilities Pta are transition probabilities:
Ptn = P(It |St = Si) (5)
Pta = P(St = S j|St−1 = Si). (6)
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Figure 5: Illustration of a directed graph corresponding to three consecutive frames. Nodes are visual hull hypotheses, edges
are shape transition probabilities. The dotted line indicates ML path found with dynamic programming; here, the most likely
sequence of visual hull hypotheses consist of the second hypothesis at time 1 (b), the only hypothesis at time 2 (d), and the
second hypothesis at time 3 (f).
Ptn is thus an estimate of the probability of observing silhouette I at time t given that the 3D shape of the object at time t is
best approximated by the ith cluster hypothesis’s visual hull, Sit . We measure Ptn in terms of the average Hausdorff distance
between the input and the nearest-neighbor matching views belonging to the examples that were placed in the i th cluster. Pta is
the probability of the object having a certain 3D shape given its shape at the previous time step – a measure of the similarity
between two hypotheses at consecutive time steps, which we estimate in our experiments in terms of the sum of the Hausdorff
distances between a set of canonical views rendered from the two respective hypotheses visual hulls.
The maximum likelihood sequence of hypotheses in the graph is found using dynamic programming [10]. In this way an
optimal path through the hypotheses is chosen, in that it constrains shapes to vary smoothly and favors hypotheses that were
most likely given the observation. This process may be performed over windows of the data across time for sequences of
significant length.
6 Experiments
We chose to build the model for human bodies from synthetic silhouettes using Poser, a computer graphics animation pack-
age [9]. The 3D person model is rendered from various viewpoints in randomized poses, and its silhouettes and camera
parameters are recorded. An efficient parallel implementation allowed us to search over 140,000 examples in modest time (a
13
(a) Input view (left) and two
nearest neighbors
(b) Views from inferred visual hull (c) Same views from actual visual hull
Figure 6: Example of ground truth comparison for test on synthetic input with E = 73. See text for details.
few seconds per input).
We tested the inference method on both real and synthetic images. For the synthetic image tests, we generated a separate
set of multi-view silhouettes using Poser, and then withheld each test example’s visual hull information for ground truth
comparisons. One view from each synthetic test example was input to our algorithm, and we measured the error E of the
set of output visual hull hypotheses H for one test example as E = min h∈H
(
∑4i=1 ||sˆPi − sPi ||H
)
, where sˆPi is the virtual view
seen by a camera at pose Pi as inferred by our algorithm, and sPi is the actual view seen by a camera at that pose for the
withheld ground truth visual hull. For a synthetic set of 20 examples, the mean sum of Hausdorff distances over four views
was 80. The Hausdorff distance errors are in the units of the image coordinates, thus a mean error of 80 summed over four
views means that on average, per view, the farthest a contour point was from the ground truth contour (and vice versa) was 20
pixels. The synthetic test images are 240 x 320, with the contours having on average 700 points, and the silhouettes covering
about 8,000 pixels in area. A typical example comparison between the virtual views generated by our virtual VH and the
ground truth VH is shown in Figure 6.
We also inferred virtual visual hulls for real images. Some example real image results on are shown in Figures 8, 9, 10, 11, 12, 13,
and 14. In these figures, each row corresponds to a different virtual visual hull hypothesis; three different viewpoints are ren-
dered for each hypothesis. Beside each hypothesis is the rendering of a 3D stick figure, which is an estimate of the underlying
pose (joint positions) of that virtual visual hull hypothesis. These 3D pose estimates were obtained in the same manner as
the interpolated canonical virtual views, by taking a weighted combination of the known 3D poses recorded for the nearest-
neighbor examples within a given cluster. An example from a short sequence of real images is given in Figure 7.
The real input images were simply pulled off the Web, and we performed manual segmentation on them to obtain silhouettes.
Translation and scale invariant representations of the real image contours were obtained by subtracting the silhouette’s 2D
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Textured views
Input silhouettes
VH hypotheses
Figure 7: Example result on four sequential frames. The visual hull hypotheses are shown directly below the corresponding
input at each time step. The hypotheses on the ML path appear in boxes. For the first two frames there is only one hypothesis.
center of mass from each contour point’s image coordinate and normalizing by its approximate size so that the scale would
be on par with the scale of the synthetic training images. The inferred visual hull hypotheses are typically in agreement with
the input, and provide a good, fast approximation of the 3D shape.
7 Conclusions and Future Work
We showed how the 3D shape of objects in a known class could be inferred from single input silhouettes extracted from
archival photographs. A multi-view silhouette database containing examples from calibrated, though possibly varied, camera
rigs are used to match input silhouettes to the best 3D shape interpretations. Visual hull inference is performed by finding the
shape hypotheses most consistent with the observed 2D contour. For single frame inputs, clustering is performed to reduce
the number of shape hypotheses a user must select from; a set of likely but qualitatively different visual hulls is returned.
When a sequence of frames is available, we use a dynamic programming technique to find the most consistent trajectory of
hypothesis shapes over time.
Interpolation between neighboring examples allows our method to return shape estimates that are not literally in the set of
examples used to define the prior model. We developed a new technique for 3D shape interpolation, using a set of viewpoint-
aligned virtual views which are generated from the visual hulls corresponding to nearby examples. Interpolation between the
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contours of the aligned views produces a new set of silhouettes that are used to form the output visual hull approximating the
3D shape of the novel input.
We demonstrated our algorithm on a variety of real and synthetic images using a large database of synthetic images of people.
The accuracy of shape inference was evaluated quantitatively with held-out synthetic test images, and qualitatively with real
images. We expect our method to be useful anytime a fast approximate 3D model must be acquired for a known object class,
yet active sensors, calibrated cameras or even multiple cameras are not available. Specifically, we see useful applications of
our technique in computing virtual models of objects and people for interactive virtual reality applications. In the future we
intend to investigate how we might incorporate a model of dynamics in order to apply our method on sequences of images,
and we would like to explore different distance metrics for shape matching and apply our technique to additional object
classes.
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Figure 8: An example of four virtual visual hull hypotheses found by our system for a single input silhouette (top). Each row
corresponds to a different hypothesis; three different viewpoints are rendered for each hypothesis. Stick figures beside each
row give that VH’s underlying 3D pose, retrieved by interpolating the poses of the examples which built the VHs. See text
for details.
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Figure 9: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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Figure 10: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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Figure 11: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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Figure 12: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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Figure 13: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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Figure 14: Example of inferred virtual visual hull hypotheses for a real image; plotted as in previous figure.
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